This paper investigates how reward-to-risk ratios compare among various government debt security (GDS) indices and sector indices in the Istanbul Stock Exchange. Risk is measured by either standard deviation or nonparametric and parametric value at risk. We find that the GDS indices have higher reward-to-risk ratios compared to the sector indices. GDS indices with longer maturities have lower reward-to-risk ratios and this reduction is especially pronounced when the ratios take downside risk into account. The reward-to-risk rankings for the sector indices are similar for each measure and the results are robust to currency conversion.
INTRODUCTION
In today's financial markets, investors have access to many different instruments such as bonds, stocks and indices composed of such instruments. The risk and return characteristics of these instruments are important to study since investors allocate their wealth to asset portfolios based on the interactions between risk and return of such financial securities. It is common knowledge that stock indices have higher expected returns compared to those of bond indices due to the fact that stocks are riskier and in equilibrium, investors demand higher returns for undertaking more risk. However, whether stock indices have higher expected returns per unit risk compared to bond
indices is an open question. In this paper, we investigate how various reward-to-risk ratios for different government debt security (GDS) and stock sector indices compare to each other.
When we calculate reward-to-risk, we give special emphasis to the concept of downside risk. There are several reasons why downside risk should be important in comparing the relative performances of various indices. First, Roy (1952) introduces the idea of safetyfirst investors who seek to minimize their losses in case of a disaster and Levy and Sarnat (1972) and Arzac and Bawa (1977) relate this safety-first principle to the expected utility framework. Investors who aim to maximize their expected return subject to a maximum loss constraint will reflect downside risk to their asset valuations. Second, the empirical regularities that stock returns are typically skewed and leptokurtic contradict the assumptions of the mean-variance framework of Markowitz (1952) . The theoretical models of Rubinstein (1973) and Kraus and Litzenberger (1976) incorporate the effect of unconditional co-skewness in asset pricing. More recently, behavioral theories offered by studies such as Brunnermeir and Parker (2005) and Barberis and Huang (2008) underline the importance of idiosyncratic skewness. These studies collectively suggest that investors prefer positively skewed investments to negatively skewed investments.
Additionally, Dittmar (2002) draws on the theoretical works of Pratt and Zeckhauser (1987) and Kimball (1993) and suggests that investors have a preference for less leptokurtic investments. Finally, Bali, Demirtas, and Levy (2009a) show that downside risk is significantly priced in the U.S. financial markets. Asset distributions with more negative skewness and thicker tails have higher downside risk and it is crucial to adjust for this particular dimension of risk in index performance comparisons. Finally, many players in the financial markets need to take downside risk into account in their investment decisions. For example, regulatory bodies conduct capital adequacy tests on banks based on various crash scenarios. Due to all these considerations, downside risk is expected to have potential asset pricing consequences.
The first measure of reward-to-risk that we employ is the Sharpe (1966) ratio which is equal to the ratio of the mean excess return of an index to its standard deviation.
Although it is the most commonly used reward-to-risk ratio, Sharpe ratio is too broad since it incorporates the total risk of a portfolio to its denominator. Therefore, to investigate how much return each index generates per unit of downside risk, we use both a nonparametric and parametric measure of value at risk in the construction of our alternative reward-to-risk ratios. For the nonparametric VarSharpe measure, the denominator of the ratio is the absolute value of the minimum index return over a specific past sample window. For the parametric reward-to-downside risk measure (PVarSharpe), the denominator is based on the lower tail of Hansen's (1994) skewed t-density.
In our empirical analysis, we compute three distinct reward-to-risk ratios for 5 GDS indices 3 and 25 sector indices. The results for the GDS indices show that the reward-torisk ratios decrease monotonically as the time to maturity of the four maturity-specific bond indices increases. This decrease is sharper for VarSharpe and PVarSharpe. The fifth GDS index is a market value-weighted composite index and the reward-to-risk ratios for this index are lower than those of the other four GDS indices. This finding indicates that the lower values of the higher order moments of this composite index cannot compensate for its low mean return. A key result of our paper is that all GDS indices outperform all the sector indices in terms of reward-to-risk ratios. Although the distributions of GDS indices are more skewed and leptokurtic compared to those of the sector indices, the substantially larger standard deviations of the sector indices drive this result. The implication of this result for risk-averse investors is that, in Turkey, debt markets generated higher returns per unit risk compared to equity markets for the sample period studied in this paper. We also find that the best and worst performing sectors are similar across all reward-to-risk ratios and these rankings are mostly driven by the mean returns.
Finally, we repeat the sector index analysis by also looking at index levels denominated in US dollars and find that although the additional fluctuations in exchange rates have an upward effect on the standard deviations of index returns, the rankings stay similar.
1 GDS indices are important instruments both because of the large volume of trades seen in fixed income markets and also due to the fact that they reflect monetary policy. In return, there are many studies which show that monetary policy successfully predicts the direction of the financial markets (see, for example, Tas (2011)).
The paper is organized as follows. Section 2 discusses the methodology for calculating the reward-to-risk ratios. Section 3 explains the data and presents the summary statistics.
Section 4 discusses the empirical results. Section 5 concludes.
METHODOLOGY
As mentioned earlier, we estimate three distinct reward-to-risk ratios. One of these ratios is the standard Sharpe ratio:
where R i,t denotes the day t return on the bond or stock index i and R f is the risk-free rate approximated by the average return of the repo index. The standard deviation for index i is computed using squares of daily returns. For each day t and index i, past 100 days is used to compute the standard deviation. Specifically,
As a robustness check, we computed the second moment using various other return windows as well as using first order covariance correction. We do not report these results to save space; however, we find that the results are robust to these choices.
In order to take into account the downside risk, we first use a nonparametric measure of value at risk (VaR) which measures how much the value of a portfolio could decline in a fairly extreme outcome if one were to rank order possible outcomes from best to worst. In other words, VaR attempts to answer the question of how much an investor can expect to lose on a portfolio in a given time period at a given level of probability. In our analysis, we use the minimum index returns observed during past 100 days of daily data and estimate alternative VaR measures from the lower tail of the empirical return distribution.
We should note that the original VaR measures are multiplied by -1 before they are included in the calculations so that higher magnitudes of the measures correspond to greater downside risk.
After we construct nonparametric VaR measures in a rolling window fashion, Sharpe ratios that incorporate these nonparametric VaR estimates are computed. Specifically, VarSharpe is defined as:
where VaR i,t is the nonparametric value at risk.
Next, in order to focus on the parametric measure of value at risk, we utilize the skewed t-density, which accounts for skewness and excess kurtosis in the data. Hansen (1994) introduces a generalization of the Student t-distribution where asymmetries may occur, while maintaining the assumption of a zero mean and unit variance. This skewed t (ST) density is given by: 
Hansen (1994) shows that this density is defined for 2 < v < ∞ and -1< λ < 1. This density has a single mode at -a/b, which is of opposite sign with the parameter λ. Thus, if λ > 0, the mode of the density is to the left of zero and the variable is skewed to the right, and vice versa when λ < 0. Furthermore, if λ = 0, Hansen's distribution reduces to the traditional standardized t distribution. If λ = 0 and v = ∞, it reduces to a normal density.
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A parametric approach to calculating VaR is based on the lower tail of the ST distribution. Specifically, we estimate the parameters of the ST density (µ, σ, υ, λ) using the past 1 to 12 months of daily data and then find the corresponding percentile of the
follows an ST density, parametric
VaR is the solution to 2 The parameters of the ST density are estimated by maximizing the log-likelihood function of R t with respect to the parameters µ, σ, υ and λ:
where d t = (bz t +a)/(1-λs) and s is a sign dummy taking the value of 1 if bz t +a<0 and s = -1 otherwise.
is the VaR threshold based on the ST density with a loss probability of Φ .
Equation (6) The price indices only measure the change in price driven by the fluctuations in interest rates whereas the performance indices also take the reduction in the number of days to maturity into account. As such, the performance indices reflect the actual return that investors earn and we focus on these performance indices in subsequent analysis. GDS performance indices are calculated for debt securities with 6-month (182 days), 9-month (273 days), 12-month (365 days) and 15-month (456 days) maturities. ISE calculates the rates of return from the weighted average prices of discounted bills and bonds published at the end of each trading day and converts these returns into a maturity-yield curve through regression analysis. The 182, 273, 365 and 456-day yields are selected from this curve. We also look at a market value-weighted composite index (MVCOMP) which is calculated from the prices of discounted bills and bonds traded on the market. Finally, we use the repo index (REPO) to calculate the risk-free rate to be used in subsequent analysis since repo transactions involve government securities that act as collateral. This index is calculated using the weighted average daily return (net of withholding) on repo transactions to be resolved at the same day on the normal orders market and as such it reflects the net return that an investor who continually engages in 1-day repo transactions will earn.
We also obtain data on 25 different sector indices from ISE. There are two types of sector indices available in the database, namely, the price index and the return index. The difference between these indices is related to cash dividends. The divisor of the return index is adjusted assuming that the dividends are invested in the stocks included in the index whereas the price index excludes the cash dividends. We focus on the return indices since they reflect the actual return of an investor who holds the index portfolio.
All of the sector indices are weighted by market value where market value is calculated by multiplying the total number of shares outstanding by the stock price. The sector indices exclude stocks that are traded on the watchlist market and stocks included in ISE list C since such stocks have restrictions regarding buying on margin and short-selling.
Moreover, these stocks are not traded continuously but instead are subject to a single- The descriptive statistics for GDS indices are presented in Table 1 . The means for the maturity-specific daily returns are close to each other and vary between 10 and 12 basis points. The market value-weighted composite performance index has a lower daily average return of 6 basis points. The mean for the repo index is 4.48 basis points and this value is used as the risk-free rate in the calculation of the reward-to-risk ratios. When we focus on the standard deviations, it is evident that they increase monotonically as the time to maturity of the underlying index gets longer. The standard deviation is 44 basis points for the 182-day bill and increases to 183 basis points for the 456-day bill. These standard deviation figures are large compared to their respective means. Investigating the extreme returns shows that the daily fluctuations in the values of GDS indices can get very large.
For example, there has been a trading day during which the 182-day bill has dropped by 11.08% in value and the minimum statistic is even more extreme for the 456-day bill which lost almost half of its value in a given day. The same pattern also holds for the maximum statistics. The 182-day and 456-day bills have experienced daily increases of 13.95% and 61.19% in their values, respectively. The extreme movements are more pronounced for longer term bills and this finding is consistent with the positive relation between interest rate sensitivity and time to maturity. MVCOMP is less vulnerable to extreme daily shocks with a minimum (maximum) daily return of -1.35% (1.03%). The median statistics for the maturity-specific indices are around 6 basis points and are uniformly lower than the medians for all indices. This is also evidenced by the positive skewness statistics between 3.93 and 7.87. Except the market value-weighted composite index, the right tails of the distributions of the GDS index returns are longer than the left tails. Finally, the kurtosis statistics are very high and vary between 551.01 and 809.36 for the maturity-specific GDS indices. Consistent with the lower significance of extreme events for the composite index, the kurtosis statistic is much lower and equal to 18.73 for MVCOMP.
The descriptive statistics for the returns of sector indices denominated in Turkish liras is presented in Table 2 . In terms of means, the five sectors with the highest returns are banking, insurance, financials, basic metal and food and beverage. The average returns are between 16 and 18 basis points for these sectors. The lowest mean returns belong to the information technology, real estate, technology, electricity and telecommunication sectors. For these sectors, the mean returns vary between 3 and 8 basis points. Comparing these results to those in Table 1 , we see that there are some sectors that bring a higher average return than the maturity-specific GDS indices but there are also many sectors that perform worse than the GDS indices on average. The standard deviations vary from 2.13% for the sports sector to 3.54% for the defense sector. These figures are very large compared to their respective means with a minimum standard deviation to mean ratio of 15 for the nonmetal mineral products sector and a maximum ratio of 80 for the information technology sector. The daily standard deviations of the sector indices are also much higher compared to the standard deviations of the GDS indices in Table 1 .
Focusing on the extreme returns, one sees that although there are large daily fluctuations for every sector, these fluctuations do not get as extreme as those for the GDS indices.
The lowest minimum return is observed for the defense sector (-21.88%) and the highest minimum return is observed for the insurance sector (-8.26%). The maximum returns vary from 14.04% for the new economy sector to 21.95% for the tourism sector. In line with the result that the minimum and maximum statistics are less extreme than those for the GDS indices in absolute value, the kurtosis statistics for the sector indices are not in the magnitude of those for the GDS indices. The lowest kurtosis belongs to the banking sector (6.97) whereas the highest kurtosis belongs to the sports sector (14.90). For all sector indices, except real estate, industrials, technology and textiles and leather, we see that the medians are slightly lower than the means and the skewness statistics associated with all sector indices are lower than those for the GDS indices. We see that the highest skewness statistic belongs to the defense sector (0.66) and skewness becomes negative for only two sectors, namely new economy (-0.45) and textiles and leather (-0.37). Table 2 reflecting the fact that fluctuations in exchange rates add another dimension of volatility to the index returns.
14 This extra volatility also makes the minimum and maximum daily returns more extreme.
For example, there was a trading day during which the leasing and factoring sector index lost 31.05% of its value and another trading day during which the tourism sector index increased by 37.71% in value. Unlike the results in Table 2 , the median return is higher than the mean return for 14 of the 25 indices and as a result, although the distributional asymmetries do not get more dramatic, the daily return distribution for 9 out of 25 sector indices becomes negatively skewed when the indices are denominated in US dollars. The highest skewness belongs to the tourism sector (0.55) whereas the lowest skewness belongs to the new economy sector (-0.41). The kurtosis statistics are comparable to those in Table 2 varying between 7.54 for the chemical and petroleum sector and 13.01
for the sports sector.
EMPIRICAL RESULTS
In this section, we investigate how three reward-to-risk ratios, namely the Sharpe ratio, nonparametric value at risk based Sharpe ratio (VarSharpe) and parametric value at risk based Sharpe ratio (PVarSharpe), compare among various GDS and sector indices.
Government Debt Security Indices
The results for the GDS indices are presented in Table 4 reveal that the lower asymmetry and leptokurtosis for the composite index are not enough to compensate for its lower mean. In other words, the reward for a lower kurtosis and skewness is not enough to justify the lower average returns.
Sector Indices
The medians and standard deviations of the reward-to-risk ratios for the sector indices denominated in Turkish liras are presented in Table 5 . The first finding is that all of the ratios for all sectors are lower than those for the GDS indices. The highest median Sharpe, VarSharpe and PVarSharpe ratios belong to the sports sector and are equal to 0.0660, 0.0229 and 0.0281, respectively. These values are all lower than the corresponding values for all maturity-specific indices and MVCOMP. This result suggests that the risk-adjusted performances of the GDS indices are higher than those of the sector indices across the board. In Table 2 , we had found that the mean returns for some of the sector indices are higher than those of the GDS indices whereas some are lower. Another finding was that the skewness and kurtosis statistics were much lower for the sector indices. Therefore, the lower reward-to-risk ratios for the sector indices can be attributed to the fact that the sector index returns have much higher standard deviations than the GDS indices and standard deviation has an impact on all the reward-to-risk ratios. The low skewness and kurtosis values do not make up for the high standard deviations.
Next, we investigate how different sectors compare to each other in terms of risk-adjusted
performance. Focusing on the Sharpe ratios, we find that the sectors with the highest Sharpe ratios are sports, industrials, nonmetal mineral products, basic metals and chemical and petroleum. The Sharpe ratios vary from 0.0486 to 0.0660 for these sectors.
The economic meaning for these numbers can be illustrated by stating that the sector with the highest Sharpe ratio, sports, generates 6.6 basis points of excess returns per 1% of standard deviation. The lowest Sharpe ratios belong to the information technology, technology, electricity, real estate and telecommunications sectors with values that vary from -0.0068 to 0.0137. Referring back to Table 2 , we see that most of the sectors that have the highest Sharpe ratios are among the sectors that rank among the top five according to either the mean or median returns. One notable exception is the sports sector which ranks 19 th according to its mean return, however, we had also noted that this is the sector with the lowest standard deviation of returns and this low variability makes sports the sector with the highest Sharpe ratio. When we focus on the sectors with the lowest Sharpe ratios, we again find that all of these five sectors rank at the bottom according to either the mean or the median returns in Table 2 . Given that the standard deviations of returns are close to each other for all sector indices, it is not surprising that the mean and median return rankings in Table 2 are the driving factor behind the Sharpe ratio rankings in Table 2 are not extreme and also close to each other for all sector indices. Given the lack of a large dispersion in these higher order moments, a downside risk adjusted return comparison via value at risk gives similar results to a total risk adjusted return comparison via standard deviation. The results for the PVarSharpe ratio further support this conclusion as the best and worst performers according to this metric are also the best and worst performers according to the VarSharpe ratio. The highest PVarSharpe belongs to the sports sector (0.0281) whereas the lowest PVarSharpe belongs to the information technology sector (-0.0025). Table 3 , we had found that the mean returns for sector indices denominated in US dollars are lower than those of Turkish lira-denominated indices and the standard deviations are higher due to the additional variability in exchange rates.
Coupled with the finding that the skewness and kurtosis statistics are similar for the sector indices denominated in different currencies, it is no surprise that the reward-to-risk ratios are lower for the sector indices denominated in US dollars. Other than this, most of the results from Table 5 are intact. The rankings for all three ratios exhibit similar patterns and the best and worst performers are common for each ratio. Sports, wholesale and retail trade, chemical and petroleum, banking and nonmetal mineral products are consistently the best performing sectors based on Sharpe, VarSharpe and PVarSharpe ratios. The only exception is that the financials sector becomes the sector with the highest VarSharpe and PVarSharpe ratios knocking nonmetal mineral products from the top five.
The electricity, tourism, textiles and leather, information technology and telecommunications sectors always constitute the bottom five in rankings across all reward-to-risk ratios. These best and worst performers are also very similar to the top and bottom five sectors in the Turkish-lira denominated index rankings implying that the currency conversion does not have a big impact on the relative performance of sector indices.
Graphical Comparison
Next, we compare the Sharpe ratios for GDS indices and sector indices across time. For this comparison, first, we calculate the median Sharpe ratio for each GDS and sector index during each month. Then, we take the monthly averages across the four maturityspecific GDS indices to create a single time series of Sharpe ratios. Likewise, we take the averages of monthly median Sharpe ratios across 25 sector indices denominated both in Turkish liras and US dollars. 
Conclusion
We compare the risk-adjusted returns of various bond and stock indices in the Istanbul Security Exchange. Adjusting for risk is crucial because, in equilibrium, investors demand higher expected returns for financial securities with higher risk and we want to be able to see which indices generate higher returns per unit risk. In our empirical analysis, we first adjust the mean excess returns of each index for the standard deviation of the index over the recent past. Moreover, we take the downside risk into account and calculate the ratios of mean excess returns to both nonparametric and parametric value at risk.
Some patterns are apparent from the results for 5 government debt security (GDS) indices and 25 sector indices. First and foremost, all GDS indices have higher reward-to-risk ratios compared to all sector indices. Although many sector indices have higher mean returns compared to GDS indices, this high average return is not sufficient to compensate
for the large standard deviations of the sector indices. From the perspective of a riskaverse investor with a long investment horizon, the implication is that investing in GDS indices promised a higher return per unit risk for the sample period considered. However, an investor cannot expect to earn consistently positive profits by taking a short position in the equity markets and a long position in the debt markets since sector indices proved to be the superior performers during the last three years of the sample period Second, the reward-to-risk ratios monotonically decrease for GDS indices with longer maturities. This decrease is especially pronounced when the reward-to-risk measures are based on downside risk. Third, although the market value-weighted composite GDS index has lower standard deviation, skewness and kurtosis values than the maturityspecific GDS indices, this is not enough to compensate for its lower mean. Fourth, the rankings for the sectors according to the reward-to-risk ratios are mostly driven by the mean return rankings and these rankings are similar for all the ratios. Finally, calculating the reward-to-risk ratios based on US dollar-denominated sector indices does not dramatically alter the results.
Table 1. Descriptive Statistics for Government Debt Security Indices
This table presents descriptive statistics for the returns of various government debt security indices in the Istanbul Stock Exchange. 182, 273, 365 and 456-day yields are extracted from a maturity-yield curve that is constructed by applying regression analysis on the rates of return from the weighted average prices of discounted bills and bonds published at the end of each trading day. MVCOMP is the return on a composite performance index weighted by market value and is calculated from the prices of discounted bills and bonds traded on the market. REPO is the return on a repo index which is calculated using the weighted average daily return (net of withholding) on repo transactions to be resolved at the same day on the normal orders market. The descriptive statistics that are presented in the Table 2 . The reward-to-risk ratios presented are Sharpe ratio (Sharpe), non-parametric value at risk based Sharpe ratio (VarSharpe) and parametric value at risk based Sharpe ratio (PVarSharpe). The numerator of all the ratios is equal to the average daily return during the past 100 trading days minus the daily risk-free rate measured by the average daily return of the repo index over the sample period. The denominator of Sharpe is equal to the standard deviation of daily returns over the past 100 trading days. The denominator of VarSharpe is equal the absolute value of the minimum daily index return observed during the last 100 trading days. The denominator of PVarSharpe is equal to the first percentile of Hansen's (1994) skewed t-density estimated using the daily returns from the last 100 trading days. This table presents various reward-to-risk ratios for various sector indices in the Istanbul Stock Exchange. Each row reports the medians for each ratio and the standard deviations are presented in parentheses. The sector indices are defined in Table 3 . The reward-to-risk ratios presented are Sharpe ratio (Sharpe), non-parametric value at risk based Sharpe ratio (VarSharpe) and parametric value at risk based Sharpe ratio (PVarSharpe). The numerator of all the ratios is equal to the average daily return during the past 100 trading days minus the daily risk-free rate measured by the average daily return of the repo index over the sample period. The denominator of Sharpe is equal to the standard deviation of daily returns over the past 100 trading days. The denominator of VarSharpe is equal the absolute value of the minimum daily index return observed during the last 100 trading days. The denominator of PVarSharpe is equal to the first percentile of Hansen's (1994) skewed t-density estimated using the daily returns from the last 100 trading days. 
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Figure 1. Sharpe Ratios
This figure compares the Sharpe ratios for GDS indices and sector indices across time. For this comparison, the median Sharpe ratios for each GDS and sector index during each month are calculated first. Then, the monthly averages across the four maturity-specific GDS indices are taken to create a single time series of Sharpe ratios. Similarly, the averages of monthly median Sharpe ratios across 25 sector indices are also calculated. The figure presents the time series for the sector indices denominated both in Turkish liras and US dollars. 
